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(57) ABSTRACT

A method for computer-supported control and/or regulation
of a technical system is provided. In the method a reinforcing
learning method and an artificial neuronal network are used.
In a preferred embodiment, parallel feed-forward networks
are connected together such that the global architecture meets
an optimal criterion. The network thus approximates the
observed benefits as predictor for the expected benefits. In
this manner, actual observations are used in an optimal man-
ner to determine a quality function. The quality function
obtained intrinsically from the network provides the optimal
action selection rule for the given control problem. The
method may be applied to any technical system for regulation
or control. A preferred field of application 1s the regulation or
control of turbines, in particular a gas turbine.

20 Claims, 2 Drawing Sheets

HdX




U.S. Patent Sep. 4, 2012 Sheet 1 of 2 US 8,260,441 B2

G T

1 1 MaXx




U.S. Patent Sep. 4, 2012 Sheet 2 of 2 US 8,260,441 B2

G 2

1 1 TidX -




US 8,260,441 B2

1

METHOD FOR COMPUTER-SUPPORTED
CONTROL AND/OR REGULATION OF A
TECHNICAL SYSTEM

CROSS REFERENCE TO RELATED
APPLICATIONS

This application 1s the US National Stage of International

Application No. PCT/EP2008/054099, filed Apr. 4, 2008 and
claims the benefit thereof. The International Application

claims the benefits of German application No. 10 2007 017

259.3 DE filed Apr. 12, 2007, both of the applications are
incorporated by reference herein 1n their entirety.

FIELD OF INVENTION

The mvention relates to a method for computer-aided con-
trol and/or regulation of the technical system and to a corre-
sponding computer program product.

BACKGROUND OF INVENTION

In the control of complex technical systems it 1s often
desirable that the action to be carried out on the technical
systems 15 selected such that an advantageous desired
dynamic behavior of the technical system 1s obtained. The
dynamic behavior however cannot be predicted easily with
complex technical systems, so the corresponding computer-
aided prediction methods will be needed 1n order to estimate
the future behavior of the technical system and select suitable
actions for regulation or control of the techmical system
accordingly.

Nowadays the control of technical systems 1s often based
on expert knowledge, 1.e. the automatic regulation of the
system 1s created on the basis of this expert knowledge. How-
ever approaches are also known i which technical systems
are controlled with the aid of known methods of what 1s
referred to as reinforcement learning. The known methods are
however not generally applicable to any given technical sys-
tems and often do not supply sufficiently good results.

The control of a technical system based on modeling of the
technical system with neural networks, which are learned
with an error back-propagation method, 1s described 1n the
document by G. Scott et al., “Refining PID Controllers Using
Neural Networks”, Neural Computation, No. 4, 1992, Pages
746-757.

The use of neural networks for modeling and control of
technical systems in the form of combustion systems 1s
explained 1n the document by Kalogirou S. A., “Artificial
intelligence for the modeling and control of combustion pro-

cesses: a review ’, Progress in Energy and Combustion Sci-
ence, Elsevier Science Publishers, Amsterdam, NL., Vol. 29,

No. 6, 1. January 2003, Pages 515-566.

The document Kumpati S. Narendra et al., “Adaptive Con-
trol Using Multiple Models”, IEEE Transactions on Auto-
matic Control, IEEE Service Center, L.os Alamitos, Calif.,
US, Bd. 42, Nr. 2, 1. February 1997, discloses the adaptive
control of a technical system based on a plurality of models,
with each model corresponding to a different environment in
which the technical installation operates. Based on the plu-
rality of models a suitable control for the technical 1nstalla-
tion 1s then selected.

SUMMARY OF INVENTION

The object of the invention 1s therefore to create a method
for computer-aided control and/or regulation of a technical
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2

system which 1s generally-applicable for use on any given
technical systems and delivers good results.

In the mnventive method the dynamic behavior of a techni-
cal system 1s observed for a number of points in time, with the
dynamic behavior for each point in time being characterized
by a state of the technical system and an action executed on
the technmical system, with a respective action at a respective
point 1 time leading to a follow-up state of the technical
system at the next point in time.

To achieve optimum control or regulation of the technical
system, an action selection rule 1s learnt based on data sets,
with each data set comprising the state of the technical system
at a respective point 1n time, the action executed at the point 1n
time and also the follow-up state and with each data set being
assigned an evaluation.

A state of the technical system 1n this case 1s especially a
state vector with one or more variables, with the variables for
example being observed state variables of the technical sys-
tem. Similarly an action to be executed by a corresponding
vector on the technical system can also consist of a plurality
ol action variables, with the action vaniables especially rep-
resenting parameters that can be set on the technical system.

The mnventive method 1s characterized by a specific variant
of the learning of the action selection rules, comprising the
following steps:

1) Modeling of a quality function by one or more neural
networks comprising the states and actions of the technical
system as parameters;

11) Learning of the neural network or networks on the basis
of an optimality criterion which depends on the evaluations of
the data sets and on the quality function.

With such a method by appropriate learning of the neural
networks an optimum action selection rule 1s determined 1n a
simple and effective way which depends on the evaluations of
the data sets, with the action selection rule being designed
such that in a state the action with the best evaluation will be
selected wherever possible. With the learnt action selection
rules the actual regulation or control of the technical system 1s
then undertaken by the actions to be executed on the technical
system being selected with the learnt action selection regula-
tion based the learnt neural network or networks. The mnven-
tive method has been checked on the basis of test data sets and
it has been shown that very good results will be achieved with
the method.

In a preferred embodiment of the mventive method the
quality function 1s modeled by the neural network or net-
works such that an evaluation function will be adapted to the
evaluations of the data sets.

For the control or regulation of the technical system with
the learnt action selection rules, 1n a preferred variant of the
invention that action 1s preferably selected 1n a respective
state for which the highest value of the quality function 1s
created by the learnt neural network or networks.

In an especially preferred embodiment of the inventive
method the quality function 1s modeled with a plurality of
neural networks, with each network of the plurality of neural
networks being a feed-forward network, comprising the fol-
lowing layers:

An 1mput layer comprising a respective state of the techni-

cal system;

One or more hidden layers with hidden variables;

An output layer comprising the quality function.

In this embodiment each of the networks of the plurality of
neural networks parameterizes an action that it 1s possible to
execute 1n the respective state.

Instead of using a plurality neural networks for modeling
the quality function, it 1s also possible 1n one variant of the
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invention for the quality function to be modeled by a single
neural network, with the neural network again being a feed-
forward network, comprising the following layers:

An mput layer comprising a respective state of the techni-
cal system and the action able to be executed in the
respective state;

One or more hidden layers with hidden variables;

An output layer comprising the quality function.

When a single neural network 1s used the action 1tself thus
also represents a variable of the input layer, and 1t 1s no longer
necessary to generate a large number of feed-forward net-
works for each possible action value. The above-mentioned
teed-forward networks will also be designed as multilayer
perceptrons and are structures of artificial neural networks
suificiently well known from the prior art.

To learn the neural network or networks 1n the mmventive
method the back-propagation method sufliciently well known
from the prior art 1s preferably used.

The optimality criterion can be selected differently in the
inventive method, with preferably that optimality criterion
being used that parameterizes an optimum dynamic behavior
of the technical system. Possible optimality criteria are for
example the minimization of the Bellman residuum or reach-
ing the checkpoint of the Bellman iteration. The Bellman
residuum or the Bellman iteration are known to the person
skilled 1n the art 1n the area of reinforcement learning and are
therefore not explained in any greater detail at this point. The
mathematical definition of these two optimality criteria can
however be explicitly found 1n the detailed description.

In an especially preferred embodiment of the mventive
method the optimality criterion includes a selectable param-
cter, through the modification of which the optimality crite-
rion 1s adapted. This creates a flexible option for adapting the
inventive method to the optimality criterion best suited to the
predetermined data set.

In a further embodiment of the mventive method the his-
tory of previous states and actions of the technical system can
also be taken into consideration 1n a suitable way. This 1s done
by the states in the data sets being hidden states of the tech-
nical system that will be generated by a recurrent neural
network with the aid of source data sets, with the source data
sets each comprising an observed state of the technical sys-
tem, an action executed 1n the observed state and also the
resulting follow-up state. The dynamic behavior of the tech-
nical system in particular 1s modeled with the recurrent neural
network, with the recurrent neural network being formed by
at least one 1mput layer comprising the observed states of the
technical system and the actions executed on the technical
system, at least one lidden recurrent layer comprising the
hidden states of the technical system and at least one output
layer comprising the observed states of the technical system.
The recurrent neural network 1s again learned with a suitable
learning method, especially also with the known back-propa-
gation method.

Any given technical systems can be controlled and regu-
lated with the inventive method, but a preferred area of appli-
cation 1s turbines, especially gas turbines. In the control or
regulation of a gas turbine the states of the technical system
and/or the actions able to be executed 1n the respective states
are one or more the following variables:

Overall power of the gas turbine; One or more pressures
and/or temperatures 1n the gas turbine or in the vicinity of the
gas turbine; Combustion chamber accelerations 1n the gas
turbine; One or more setting parameters in the gas turbine,
especially valve settings and/or fuel ratios and/or inlet guide
vane positions.
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As well as the method described above, the 1nvention fur-
ther relates to a computer program product with program
code stored on a machine-readable medium for executing the
inventive method when the program runs on a computer.

BRIEF DESCRIPTION OF THE DRAWINGS

Exemplary embodiments of the invention are explained 1n
detail below with reference to the enclosed figures.

In which

FIG. 1 shows a schematic diagram of a first embodiment of
the inventive method; and

FIG. 2 shows a schematic diagram of a second embodiment
of the mventive method.

DETAILED DESCRIPTION OF INVENTION

The embodiments of the inventive method described below
are based on a quantity of data sets that are observed for any
given technical system, 1.e. have been measured or deter-
mined experimentally. An especially preterred application of
a technical system here 1s the control of a gas turbine, for
which data 1s present in the faun of state variables of the
turbine, for example the overall power of the gas turbine, one

of more pressures and/or temperatures in the gas turbine,
combustion chamber accelerations and the like. In such cases
data sets are available for a plurality of consecutive points 1n
time, with each data set being characterized by a state which
1s usually a state vector with a plurality of state variables, by
an action which represents the modification of state variables
or other settable parameters of the technical system, and also
by a follow-up state which reflects the values of the state
variables after execution of the action. In addition there 1s an
evaluation of a reward for each data set which reflects the
quality of the action at the respective point 1n time for the
control of the technical system. The evaluation 1s preferably
designed here such that the best or optimum control of the
technical system 1s achieved by actions with high evaluations
or rewards at the different points 1n time during the operation
of the technical system.

In embodiments of the mventive method described below
an action selection rule 1s now learnt on the basis of the
observed data sets of the technical system with a reinforce-
ment learning method with which the technical system 1s then
able to be operated in a suitable way. In this case the action
selection rule specifies, for a state of the technical system,
which action 1s the best action to be performed 1n this state.
The technical system 1n this case is regarded as a stochastic
dynamic system, with the reinforcement learning method for
determination of the action selection rule being regarded as a
regression task 1n which a reward function 1s adapted to the
observed data sets.

In the learning method described below the action selection
rule which can be used 1n the optimum way for control of the
technical system 1s sought. Mathematically the states, the
actions and the follow-up states are regarded here as what 1s
known as a Markov decision process. A Markov decision
process 1s generally given by a state space S, a set of actions
A that can be selected 1n the different states and the dynamic,
which 1s regarded as the transitional probability distribution
P :SxAxS-->[0.1] which depends on the current state s, the
selected action a and the follow-up state s'. The transition
from a state to the follow-up state 1s characterized by so-
called rewards R(s,a,s") that are functions of the current state,
the action and the follow-up state. The rewards are defined by
a reward probability distribution P, with the expected value
of the reward

ER=| l-‘HrPR(S: a,s'rydrs,s'eS,aeAE.



US 8,260,441 B2

S

In accordance with an embodiment of the inventive method
described below the maximum of a discounting Q function 1s
sought, which corresponds to the quality function as defined
in the claims and 1s defined by the Bellman equation suili-
ciently well known from the state of the art as follows:

O ((s,a)=EAR(s,a,5 )+ (s 7(s'))) (1).

The maximization 1s undertaken here 1n the so called rule
space II=(S—A) over all possible states s and actions a, with
0<y<1 being the discounting factor, s' the follow-up state of s
and mell being the action selection rule used. The optimum
action selection rule 1s that rule which uses actions that maxi-
mize the (best) Q function, with the best Q function being
given by the following equation:

O % (s,a)=Q(s,a)=E {R(s,a,s")+ymax (s’ a)) (2).

This 1s equivalent to the search using the following action
selection rule:

m(s) = argmaxQ(s, a). (3)

f

In addition, the so-called value function 1s defined for the
description below over S as V(s)=max_(J(s,a).

In embodiments of the inventive method described below a
technical system 1s considered in which the states of the
system are continuous and a discrete set of actions able to be
executed 1n a respective state 1s available. The dynamic of
system 1s probabilistic 1n such cases.

In the embodiments of FIG. 1 and FIG. 2 the Q function
described above 1s described for each possible action in the
respective state of the technical system by a so-called feed-
forward network or a multilayer perceptron N_(s)=Q(s,a).
The reward function to be adapted in the embodiments
described here 1s thus given according to equation (1) by:

Ris, a,s’) = (4)

Na(s) — ymax 4/ (.57).

In this case the max operator 1s modeled by a suitable
architecture, in which case this type of modeling 1s suili-
ciently well known to the person skilled 1n the art. In the
subsequent embodiments, for modeling the reward function
according to equation (2), the back-propagation algorithm
suificiently well known from the prior art 1s used, with the
optimization problem being resolved by the minimization of
the (quadratic) Bellman residuum over all 1 observed transi-
tions. 1 1s thus the number of data sets 1n the observed data of
the technical system. This minimization represents an opti-
mality criterion as defined 1n the claims. Mathematically the
quadratic Bellman residuum 1s given by the following equa-
tion:

i [ (3)
L= I3+Q0)= ) (Qsi. a) = yV(sip1) — 1) + Q(O).
=1

1=

In this equation O represents the parameters of the artificial
neural feed-forward network and especially comprises the
welght matrices between the individual neuron layers 1n the
teed-forward networks. £2 1s a suitable regularization term. r,
represents the observed reward or evaluation 1n a state s, from
the data sets, and s, , are impartial estimators of the expected
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values of the state variables of the follow-up state. The gra-
dient of the error function 1n this case 1s given by the follow-
ing equation:

(6)

d
22 L —(Q(S a;) =YV (si41)) + == 0O),

cf(é)_

This gradient depends on the current (Q function and the
value function of the follow-up state. The optimality criterion
set down above, 1n accordance with which the minimum of
the quadratic Bellman residuum 1s determined, can 11 neces-
sary also be replaced by an optimality criterion in accordance
with which the checkpoint of the Bellman 1teration 1s sought.
This often leads to better solutions. In accordance with the
Bellmann 1iteration the following expression 1s minimized

iteratively until convergence of Q:

f (7)
L= (Qsi, ) - yi) + QO).
i={

The following applies here

Y=y V(S 1)

The gradient 1s then given by the following equation:

(8).

d (9)

)+ —)(O).

—= —QZL—Q(SI ai) + ==

By back substitution of y, the following equation system 1s
then also obtained:

: a A (10)
; (Qs:, a;) _'}"V(S;'H) — FE)EQ(SH a;) + mﬂ(@) — (.

The solution of this equation system 1s then the checkpoint
of the (regularized) Bellman 1teration. The two above-men-
tioned gradients only differ 1n their direction terms and not in
their error term. The last-mentioned gradient 1s thus gener-
ated by the value function proportion of the network blocking
the gradient flow by the value function. In this way a further
parameter p can be inserted 1nto the optimality criterion, in
order to vary between the two optimality criteria 1n accor-
dance with the minimization of the Bellman residuum and the
checkpoint of the Bellman 1teration. The optimality criterion
can thus be written 1n general terms as follows:

(11)

d
pyVisii1 )+ == Q(0) =

Qsi, a;) — 70

‘* d
; (Q(si, a;) —yV(siy1) — f‘f)%

For p-1 the optimality criterion 1n accordance with the
classical minimization of the Bellman residuum is then
obtained, whereas for p=0 the reaching checkpoint of the
Bellman 1teration 1s obtained.

In summary, 1n the embodiment of the mnventive method a
QQ function 1s modeled by neural networks, with the param-
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eters of the individual neural networks being determined by a
reinforcement learning method based on an optimality crite-
rion. This procedure 1s shown again 1n FIG. 1. In FIG. 1 the
circles eachrepresent clusters of neurons, which are linked by
weight matrices. Clusters R, Q and V' are the corresponding
function values 1n accordance with the above equations, with
V' standing for V(s'). The right-hand branch of FIG. 1 1s
coupled 1n this case via parameter y 1n accordance with equa-
tion (11) to cluster R. Likewise the upper parameter p, which
1s likewise contained 1n equation (11), 1s included as gradient
flow control.

Initially for all possible n actions a,1n a respective state s of
the technical system corresponding neural networks N, (s),
N (s) initialized, with the networks featuring as input layer I
the respective state and as output layer O the modeled Q
function Q,, . . . Q, for the respective action 1, n. Between
iput layer I and output layer O there 1s a mdden layer H, with
a plurality of mtermediate layers able to be provided. For
reasons of clarity only one layer 1s shown 1n FIG. 1. A weight
matrix A, , A and also corresponding weight vectors
w,,...w, arereproduced as typical of the parameters of the
network 1n each case.

For each of the neural networks N (s) through N (s) thereis
a corresponding pendant 1n the right-hand branch of the dia-
gram of FIG. 1, with the input variables of the correspondmg
pendants bemg the respective follow-up state s'. Q,', ..., Q.
thus correspond to the respective quality functions Q,', . . .,
Q,'attimes'. The left and the right-hand branch are linked to
cach other via the reward function R described above. The
method executes such that for a respective state s with asso-
ciated action 1n accordance with a data set, that feed-forward
network in the left-hand branch of FIG. 1 1s activated which
corresponds to the action assigned to the respective state 1n
accordance with the data set. The activation of the respective
neural network 1n the left-hand part of F1G. 1 1s depicted by an
x symbol enclosed within a circle. For the corresponding
follow-up state s' thee corresponding V functions are then
computed with the help of the maximum operator in the
right-hand branch of FIG. 1 with copies of the neural net-
works from the left-hand branch

In the method shown 1n FIG. 1 the QQ function 1s modeled
separately for each possible action a, by a neural network. In
one variation 1t 1s also possible however for the QQ function to
be modeled via a single neural network which also contains as
its 1input variables 1n the mput layer the action a well as the
state s. In this case n copies of the neural network of the
left-hand part of FIG. 1 are created in the right-hand part of
FIG. 1, with each copy in the mput layer contaiming the
tollow-up state s' as well as a possible value of an action.

As a result, after execution of the learning method
described above, 1n accordance with FIG. 1, n learnt neural
networks with corresponding weight matrices or weight vec-
tors are obtained. Subsequently an optimum control of the
technical system can be undertaken with these learnt neural
networks by the Q function being computed for an 1nstanta-
neous state of the system for all n neural networks N, through
N_ . The action of that neural network with the largest Q)
function value 1s then selected as the next action. With the
tollow-up state then produced the next state 1s again selected
with the same pattern according to the same criterion of which
neural network features the largest value of the QQ function.

The method described above does not take the history of
previous states 1into consideration, which leads to the func-
tions not being able to be guaranteed 1f no Markov decision
process 1s available. In a second embodiment of the inventive
method this history can however also be taken into account.
This occurs because the data set that will be used for learning
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the neural networks has itself again been created from a
source data set. The source data set here 1s the data set which
1s included 1n the embodiment of FI1G. 1 directly for learning
the neural network or networks. In the second embodiment,
which 1s shown 1n FIG. 2, this source data set 1s now used for
modeling the dynamic behavior of the technical system with
a recurrent neural network RINN, which comprises an mput
layer I', an extended layer H' and an output layer O'. This
neural network comprises the internal states x ,z .t €t—, . . . ,
t+1 and also the weight matrices F, GG, H, J. The transitions
between the states are defined here by the following equa-
tions:

x~tan A(fF's4+Jz,_ ) (9)

“‘t=Ga +Hx, (10).

By means of a matrix M, which maps the internal state to
the external state, the follow-up state can be reached by ful-
filling the following conditions:

(11).

With known algorithms 1n accordance with the above equa-
tions the parameters of the recurrent neural network (i.e. the
welght matrices of the network) are determined such that the
recurrent neural network generates the observed data sets at
the respective point 1n time very well. The recurrent neural
network 1n this case 1s again learnt with a back-propagation
method sufficiently well known from the prior art. The mod-
cling of the dynamic behavior by means of the recurrent
neural network RNN 1s suificiently well known to the person
skilled 1n the art and will therefore not be explained 1n detail.
By contrast with the method of FIG. 1 the hidden states x, or
X +1 are now included as input variables 1n the input layer I
instead of the states s or s'. Otherwise the learning method of
FIG. 2 corresponds to the learming method of FIG. 1, which 1s
evident from the fact that the part above the recurrent neural
network RNN 1s identical with FIG. 1. A further description
of the learning of neural networks N, to N, 1s therefore dis-
pensed with. In the recurrent neural network in accordance
with FIG. 2 another parameter p 1s also included, with which
the learning rate of the recurrent neural network 1s adapted
compared to the learning rate of the individual feed-forward
networks. In addition matrixes N will be used which will also
be described below.

The architecture shown in FIG. 2 makes 1t possible to use
only one recurrent neural network both for the Q function and
also for the value function. The recurrent neural network 1s 1n
a position here to approximate a deterministic dynamic sys-
tem with any given accuracy, which 1s however not possible
for a stochastic dynamic system. This does not represent any
restriction however, since the construction of the internal
hidden state can be viewed as a transformation into a suitable
feature space for the stochastic reinforcement learning
method by the feed-forward networks. In the deterministic
case this feature space 1s 1dentical with the exact description
of all information that determines the future, whereas 1n the
general stochastic case the internal state must be generated
such that the expected future will be predicted. Therefore 1n
the recurrent neural network from FIG. 2 an autonomous
future proportion is used 11 internal states are predicted with-
out observations from the Markov process. In FI1G. 2 these are
the states x, for t>1+1 and the following applies:

1Mz =5, (|[Fmin.

x,~tan A(Nz,_,),1>i+1.

This 1s suificient since the Markov property can be recon-
structed by the knowledge about the expected future states.
The recurrent architecture in accordance with FIG. 2
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described above makes possible the automatic reconstruction
of an underlying Markov process of principally any given
order. The user of the inventive method can thus use more
information from the data and has to provide less expert
information.

The above described embodiments 1n accordance with
FIG. 1 and FIG. 2 of the inventive method have been tested on
the basis of problems known from the prior art. The method
has especially been applied to the known cart pole problem, in
accordance with which a pole 1s to be balanced 1n a cart
moving on a level surface for as long as possible. It has been
shown here that the cart pole problem can be solved very well
with the inventive learnt neural networks. The best results
were obtained here when p=0 was selected. However good
results were also achieved for p>0.

The method described above offers an information-etfi-
cient approach to the solution for general optimum control
problems 1n any given technical areas, with it being possible,
with just a few available data sets, also to deal with complex
control problems that cannot be satisfactorily resolved with
classical methods.

The invention claimed 1s:

1. A computer-implemented method for a computer-aided
control and/or regulation of a technical system, comprising:

representing 1n a plurality of data sets based on observed
data for the technical system a dynamic behavior of the
technical system for a plurality of different points in time
by a state of the technical system and an action executed
on the technical system, with a respective action at a
respective time leading to a follow-up state of the tech-
nical system at a next point 1n time;

implementing remnforcement learning via a neural network
executed on a processor of a computer to derive an
optimum action selection rule, the reinforcement leamn-
ing implemented on the plurality of data sets, each data
set including the state at a respective point in time, the
action executed 1n the state at the point in time, and the
tollow-up state and whereby each data set 1s assigned an
evaluation, the reinforcement learning of the optimum
action selection rule based on rewards that depend on a
quality function for the state and action and on a value
function for the follow-up state, comprising;:

(a) modeling of the quality function by the neural network
reflecting a quality of an action for the plurality of states
and the plurality of actions of the technical system, and

(b) determining parameters of the neural network by rein-
forced learning of the neural network on the basis of an
optimality criterion that depends on the plurality of
evaluations of the plurality of data sets and the quality
function; and

regulating and/or controlling the techmical system by
selecting the plurality actions to be carried out on the
technical system using the learned optimum action
selection rule based on the learned neural network.

2. The method as claimed 1n claim 1, wherein the quality
function 1s modeled by the neural network such that an evalu-
ation function 1s adapted to the plurality of evaluations of the
plurality of data sets.

3. The method as claimed 1n claim 1, wherein during the
learning, the action 1s selected 1n a respective state for which
a highest value of the quality function will be created by the
neural network.

4. The method as claimed 1n claim 1,

wherein the quality function 1s modeled with a plurality
neural networks,

wherein each network of the plurality of neural networks
forms a feed-forward network with an mput layer
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including the respective state of the technical system, a
hidden layer and an output layer which includes the
quality function, and

wherein each neural network parameterizes the action to be

carried out 1n the respective state.

5. The method as claimed in claim 1,

wherein the quality function 1s modeled by a single neural

network, and

wherein the neural network forms a feed-forward network

with the mput layer including the respective state of the
technical system and the action to be executed in the
respective state, a hidden layer and the output layer
which includes the quality function.

6. The method as claimed in claim 1, wherein a back-
propagation method 1s used for the learning of the neural
network.

7. The method as claimed 1n claim 1, wherein the optimal-
ity criterion 1s selected such that an optimum dynamic behav-
1ior of the technical system 1s parameterized.

8. The method as claimed 1n claim 1, wherein the optimal-
ity criterion 1s a minimization of a Bellmann residuum.

9. The method as claimed 1n claim 1, wherein the optimal-
ity criterion 1s reaching the checkpoint of the Bellmann itera-
tion.

10. The method as claimed 1n claim 1,

wherein the optimality criterion includes a selectable

parameter, and

wherein by moditying the selectable parameter, the opti-

mality criterion 1s adapted.

11. The method as claimed in claim 1, wherein the state of
the technical system includes a first variable, and/or an action
to be carried out on the technical system includes an action
variable.

12. The method as claimed 1n claim 11, wherein the first
variable 1s an observed state variable of the technical system.

13. The method as claimed 1n claim 1,

wherein the plurality of states in the plurality data sets are

hidden states of the technical system that are generated
by a recurrent neural network with an aid of a plurality of
source data sets, and

wherein each source data set includes an observed state of

the techmical system, the action carried out in the
observed state, and the follow-up state resulting from the
action.

14. The method as claimed 1n claim 13,

wherein the dynamic behavior of the technical system 1s

modeled by the recurrent neural network, and

wherein the recurrent neural network 1s formed by the input

layer including the plurality of observed states of the
technical system and the plurality of actions executed on
the technical system, the hidden recurrent layer which
includes the plurality of hidden states, and the output
layer which also includes the plurality of observed
states.

15. The method as claimed in 14, wherein the recurrent
neural network 1s learned using a learning method.

16. The method as claimed 1n claim 15, wherein the learn-
ing method 1s a back-propagation method.

17. The method as claimed 1n claim 1, wherein the techni-
cal system 1s a turbine.

18. The method as claimed 1n claim 16, wherein the turbine
1s a gas turbine.

19. The method as claimed 1n claim 18,

wherein the gas turbine 1s regulated and/or controlled with

the method,

wherein the plurality of the states of the technical system

and/or the actions to be performed in the respective
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states includes a second variable selected from the group
consisting of an overall power of the gas turbine, a
pressure and/or a temperature in the gas turbine or 1n a
vicinity of the gas turbine, combustion chamber accel-
crations in the gas turbine, a setting parameter at the gas
turbine, and a combination thereof, and

wherein the setting parameter may be a valve setting and/or

a fuel ratio and/or an inlet guide vane position.
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ing implemented on the plurality of data sets, each data
set mncluding the state at a respective point in time, the
action executed 1n the state at the point in time, and the
follow-up state and whereby each data set 1s assigned an
evaluation, the reinforcement learning of the optimum
action selection rule based on rewards that depend on a
quality function for the state and action and on a value
function for the follow-up state, comprising:

(a) modeling of the quality function by the neural network
reflecting a quality of an action for the plurality of states
and the plurality of actions of the technical system, and

(b) determining parameters of the neural network by rein-
forced learning of the neural network on the basis of an
optimality criterion that depends on the plurality of
evaluations of the plurality of data sets and the quality
function; and

regulating and/or controlling the technical system by
selecting the plurality actions to be carried out on the
technical system using the learned optimum action
selection rule based on the learned neural network.

20. A computer program product with program code stored
on a non-transitory machine-readable medium, when the pro- 10
gram executes on a processor of a computer, the program
comprising;
representing 1n a plurality of data sets based on observed
data for the technical system a dynamic behavior of the
technical system for a plurality of different points in time 15
by a state of the technical system and an action executed
on the technical system, with a respective action at a
respective time leading to a follow-up state of the tech-
nical system at a next point 1n time;
implementing reinforcement learning via a neural network 20
executed on a processor of a computer to dertve an
optimum action selection rule, the reinforcement learn- I T
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